Abstract-Channel congestion is a well-known problem in wireless networks in general and Vehicular Ad Hoc Networks (VANETs) in particular. Literature solutions propose to alleviate this problem by controlling the network load based on parameters like vehicle density or packet collision rate. In other words, each vehicle will observe the density of vehicles (or the packet collision rate) around itself in a certain time interval, and use this information to adjust its transmit parameters i.e. transmit rate and/or power, the next time it has a beacon to transmit (in the following time window). However, the information collected in the current time window might not still be valid in the next one. In fact, in a highly dynamic network like VANETs, vehicle density, and consequently the busy ratio and the collision rate, might vary a great deal even in the smallest time intervals. To cope with this newly identified problem, we propose a novel vehiclecentric short-term density prediction scheme that estimates the vehicular density around a given vehicle within the next time window allowing each vehicle to adapt its transmit parameters based on the current state of the network (as opposed to the previous state). The accuracy and the efficiency of our proposed scheme is demonstrated in a proof-of-concept case study, showing a significant improvement in terms of network performance.
I. INTRODUCTION
In Vehicular Ad Hoc Networks (VANETs), periodic beaconing is one of the essential blocks that enable all safety as well as non-safety applications. Beacons are short messages periodically broadcasted to all neighboring nodes acting as a pulse to the network. In addition to the information provided directly to different Intelligent Transportation Systems (ITS) applications, beacons play a key role in the synchronization of the network. In fact, vehicles use some information extracted from beacons to regulate their flows of messages and avoid congesting the network.
Packet collision can have catastrophic consequences on the performance of the network. In the absence of a proper packet loss recovery mechanism, VANETs cannot afford losing beacons. In addition, it is well known that packet collisions increase exponentially with the increase of vehicles' density. The limited communication medium, consisting in a set of reserved 10 MHz radio channels located around the frequency band of 5.9 GHz, cannot support the heavy load inflected by vehicles in high-density scenarios like crowded cities. The high dynamicity, in terms of vehicle density, does not help fixing the network load problem in a VANET. This type of network is known to have no proper adaptation mechanism to regulate neither the number nor the extent of its messages. Many works have been proposed to cope with network congestion problem in VANETs, by adapting vehicle's transmission parameters (transmission rate and/or power), in order to avoid packet collisions and keep the channel at a good level of utilisation. ETSI ITS G5 has released a technical specification in this regard introducing Decentralised Congestion Control (DCC) [1] , whose aim is to adapt beacons' Tx parameters to avoid channel congestion.
The main elements helping to adjust Tx parameters are the vehicle density observed around each vehicle, or the observed collision rate to a lesser extent. These elements are usually read out during fixed intervals called Synchronization Intervals (SI) during which all vehicles are expected to have accessed the channel at least once in order to broadcast their status messages (beacons). These readings are then used, as a base for each vehicle individually, to decide how often and how far should the beacons be broadcasted in the next SI. However, these readings might be outdated by the time they are used. In fact, it is known that VANETs are very dynamic networks in which, vehicles' densities may vary a lot even in the shortest time intervals. If we consider the granularity of 10 Hz (minimum beaconing interval required by the National Highway Traffic Safety Administration and the Crash Avoidance Metrics Partnership [2] ), i.e. 10 beacons to be transmitted by each vehicle every second. At a crossroad, the density as seen by individual vehicles can vary drastically in as little as 100 milliseconds. This effect is further amplified by signal shadowing around corners, caused by buildings.
We argue that the information used to regulate the flow of beacons (density of vehicles and/or collision rate) in a VANET should reflect the current state of the network as opposed to the previously observed state in the past SI. Failing to respect this rule would result in an adaptation of Tx parameters on the basis of biased (outdated) data. We propose a short-term density prediction scheme that would estimate the state of the network during the next SI and therefore allows a fine-grained tuning of beacons' transmission parameters based on current network conditions.
In our previous work [3] , we proposed a beacon adaptation scheme to cope with the channel congestion problem while allowing vehicles to have better awareness of their neighbourhood. This work builds up on the former to design a more solid congestion control mechanism and produce considerable enhancement in terms of network performance thanks to the novelty proposed in this work namely the short-term vehicular density prediction. The remainder of this paper is organized as follows: In section II, we will briefly present some of the related works. Section III will provide a detailed description of the proposed solution. The performance evaluation and the results are presented in section IV, and finally we conclude in section V.
II. RELATED WORK
As stated earlier in the previous section, many works have been proposed to cope with the network congestion problem in VANETs as the basic IEEE802.11p standard [4] does not provide any mechanisms to deal with this problem. Literature solutions can be grouped into three categories: (i) beacons transmit rate adaptation solutions, (ii) beacons transmit power adaptation solutions and (iii) hybrid solutions.
As an example for the first category, ATB [5] proposes to reduce the beaconing rate based on two key metrics: message utility and channel quality. Another example is DynB [6] , which follows a similar approach but introduces the effects of shadowing caused by both buildings and cars on the wireless channel load. As an example for the second category (i.e. transmit power adaptation approach), [7] selects the transmit power according to the utility of the beacon to be transmitted. The authors in [8] follow a completely different criterion and propose to randomly select the transmit power of vehicles following a given probability distribution. Some researchers have proposed hybrid solutions like [9] - [11] where the transmit rate and power are adapted jointly.
In 2011, ETSI TS G5 introduced the DCC [1] (Decentralised Congestion Control). The idea behind this is to combine beacon rate and power adaptation with other forms of adaptations like the Carrier Sense Threshold. However, many works have followed like [12] and [13] pointing out the drawbacks of this solution. In our previous work [3] , we introduced a new beacons control scheme by adapting the rate and the power in a smart way. We have achieved considerable enhancement in terms of network performance yet; we still see room for improvement.
In this new work, we introduce a short-term vehicle density prediction scheme to allow beaconing adaptation based on the real time situation of the network. To the best of our knowledge, this is the first work proposing such a prediction in this context for the purpose of beacons control.
III. SHORT-TERM VEHICULAR DENSITY PREDICTION
As stated earlier, our solution represents a short-term vehicle density prediction scheme for the purpose of regulating beacons transmission. In this section, we will explain the concept and present the prediction algorithm.
A. Assumptions
In this work, we focus on the broadcast of beacons in urban areas. It is known that the density of vehicles in such scenarios is relatively high. Since the wireless medium, on which beacons are broadcasted, has a limited capacity, it only allows a limited number of nodes (vehicles) to access the channel in every CCHI (one SI is composed of one CCHI, and one SCHI) in order to broadcast their beacons. Considering that every vehicle has to broadcast its beacon at least once every CCHI, some works [3] argue that no more than 30 vehicles approximately can be in each other's reach (each vehicle can reach up to 30 vehicles as a maximum when broadcasting its beacon) in order to guarantee channel access to all vehicles.
The maximum speed in this context is limited to 50 km/h; the relative speed between two vehicles moving in opposite directions can reach up to 100 km/h (approximately 28 m/s). This relatively high speed can emphasise the high dynamicity in such a network as one vehicle can observe a high variation in vehicles density around itself in as little as one SI. The small number of vehicles allowed to broadcast in each other's range (30 vehicles) adds up to this last fact to require an aggressive adaptation mechanism based on real time network data.
We also assume that each vehicle is equipped with a navigation system that enables positioning and time synchronization as well as with IEEE 802.11p [4] communication technology and computation capabilities. Each vehicle broadcasts 250 Bytes beacons periodically, which contain its id, its current position, its speed, the intended destination, and the number of vehicles observed ahead of it and behind it. The addition of these last two pieces of information in the beacon is possible since the standard specified in [14] defines the structure of the beacon with fields reserved for application specific uses.
B. Short-term density prediction overview
Usually in VANETs and from a single vehicle's perspective, each vehicle will broadcast a beacon message at least once every CCHI. Naturally, each vehicle will receive a number of beacon messages from its neighbours. The collection of these received beacons will indicate information about the neighbours like their ids (from which the percentage of new vehicles in the neighbourhood is deducted) their positions, speeds and destinations (from which is inferred the time each vehicle is sticking around before leaving the vicinity) and of course the number of beacons received (from which the density of vehicles around the receiver is deduced). Tx parameters are later adapted according to this observed density to control the channel congestion and reduce packet collisions.
The main purpose of using a prediction mechanism is allowing vehicles to regulate the flow of their beacons based on data reflecting the current situation of the network instead of basing it on deprecated data. According to the specifications introduced in [2] , information contained in beacons is outdated Figure 1 , this delay can range between 100 and 150 milliseconds, which is not acceptable especially for safety applications.
Our solution is a vehicle-centric mechanism in which, each vehicle predicts the density of vehicles around itself within the next CCHI and use that information in the adequate time to adapt Tx parameters. The approach used in order to accomplish this prediction is pretty simple and straightforward.
In practice, the speed of vehicles ahead (or behind) is a good indicator for the short-term variation of the density around, as drivers usually tend to speed up where no obstacles are ahead and slow down whenever someone or something is blocking their way. Our density prediction scheme relies on this rule of thumb by setting each vehicle to observe in its transmission range the speeds of the furthest vehicles ahead and the furthest behind, and then comparing them to its own speed. If a speed difference is spotted, the receiver vehicle considers the density observed by the closest vehicle ahead of it. The concept is explained in Figure 2 .
As it is shown in this figure, the green vehicle moves at 50 km/h and has a visibility (transmission range) up to the yellow vehicles, which in turn move at 10 km/h. The blue vehicle is the closest vehicle moving ahead of the green one and has a visibility up to the red vehicles, which are stationary. The green vehicle has no imminent obstacles that might cause it to slow down while the yellow vehicles have already started slowing down because of the red ones. This indicates that if these same speeds are maintained (which is most likely in such a short time interval), the green vehicle will observe an increase in density in the short term since its transmission range will reach the red vehicles. The same applies if there are some vehicles behind the green one: if the speed of the furthest vehicles behind is higher, it is an indicator that some new vehicles might reach its transmission range from behind and therefore increase the density in its neighbourhood. Since the red vehicles are already visible to the blue one (they already are within its transmission reach), this latter can inform the green vehicle of the number of new vehicles it will count within its reach in the next short while.
As stated earlier in this section (III-A), two additional pieces of information are added to each beacon transmitted by each vehicle. The first one is the density of vehicles ahead (the number of vehicles which are ahead of the current vehicle with regard to its direction) and the second one is the density of vehicles behind.
When a vehicle receives beacons from the furthest vehicles ahead, it retrieves their speeds. If these speeds are lower than the receiver's speed it retrieves the density ahead (the first additional field in the beacon) from the closest vehicle ahead of it and includes it as its own predicted density ahead. The same is done with the beacons received from the furthest vehicles behind; if their speeds are higher than that of the receiver, this latter retrieves the density behind (the second additional field in the beacon) from the closest vehicle behind and counts it as its own predicted density behind. The sum of these two predicted densities (ahead and behind) is used to regulate Tx parameters during the next CCHI.
C. Short-term density prediction algorithm
In this subsection, we will explain the operation mode of the short-term density prediction algorithm.
Algorithm 1 shows how our short-term density prediction is performed. This algorithm is executed at the end of every CCHI and is node-centric i.e. it is carried out in each individual vehicle and based on the data it has observed and received.
First, each vehicle will compute the density of vehicles ahead and behind itself as observed from the beacons received from all the neighbours. The calculation method of these two densities is explained later in this subsection. Then, these two densities are appended to the beacon and the broadcast of this latter is scheduled for the next CCHI (approximately 50 to 100 milliseconds later). Next, from the beacons received from all neighbours, each vehicle will check if it has a close enough neighbour ahead of it (and/or behind it), which can inform it about the state of vehicle density in the next time window. If yes, this current vehicle will check if the conditions to include the density of the closest vehicle ahead/behind are met, namely a speed difference between the current vehicle and the furthest vehicles in the transmission range, or a change in the observed density compared to the last time window. Now that all conditions are met, this current vehicle will consider the density ahead of the closest vehicle ahead of it and the density behind of the closest vehicle behind it as its own predicted density for the next time window. The sum of these two densities will constitute the basis for the beacons' Tx parameters adaptation. No data, skip prediction behind 13: else 14:
To perform this adaptation, this predicted density is then translated into an expected channel busy ratio. The rationale for this translation is simple: considering that each vehicle is expected to broadcast one or more beacons every CCHI, an increase or decrease in the density of vehicles competing for an access to the channel would impact the channel busy ratio in a direct way and a simple rule of three would give us the expected channel busy ratio. If for example an increase of 5% is expected in the density of vehicles within the next time window, an equivalent increase is expected in terms of channel busy ratio and vice versa. We refer the reader to [3] for more details about the adaptation algorithm used.
In order to compute the density ahead and/or behind, each vehicle will need to check every beacon it receives and determine whether it is from a vehicle ahead of it with regard to its movement and direction, or from a vehicle that is behind it. To this end, vehicles need to perform a certain number of calculations, which can be demonstrated in Figure 3 . Figure 3 : 2D axes rotation to define the set of vehicles ahead and the set of vehicles behind of the green vehicle with regard to its direction As it can be seen in Figure 3 , the angle of the road, and thus that of vehicles, might not always be parallel to one of the coordinates axis. After translating the latitude longitude coordinates to Cartesian coordinates, we perform a 2D rotation of the (x, y) axes with an angle θ that represents the shifting needed to make the y-axis parallel to the speed vector of the vehicle. The angle θ is calculated as follows:
where Δ x and Δ y are the x and y components of the speed vector.
Next, we compute the relative coordinates to the new (x , y ) axes pair using the following formulas:
Once the new (x , y ) pair is calculated, we simply compare vehicles' y coordinates. y A greater than y B means that vehicle A is ahead of vehicle B and vice versa.
IV. PERFORMANCE EVALUATION
In this section, we present the results after comparing our scheme with four other schemes namely SuRPA (Successive Rate and Power adaptation [3] ) without the density prediction, and three variants of DCC (Decentralised Congestion Control), which are ETSI-TRC (Transmit Rate Control), ETSI-TPC (Transmit Power Control) and ETSI-DCC (TRC and TPC combined). We refer the reader to [1] for more information about DCC.
A. Simulation setting
To make sure our tests are the closest possible to reality, we conducted our simulations in a realistic VANET environment. The mobility of vehicles is generated using SUMO 1 and the communication between them are ensured using NS-3 2 . This latter offers the possibility to use the IEEE802.11p MAC layer with 10MHz channels. Both simulators run simultaneously using HINTS platform [15] allowing real time information exchange and increased degree of realness in the simulation. Furthermore, a realistic radio propagation model that takes into account the effects of shadowing caused by buildings, namely the Corner model [16] was chosen to mimic the transmission of messages in urban areas. The full list of parameters used in our simulation can be found in Table I . Building on this simulation configuration, we implemented our prediction scheme on top of SuRPA, as well as the four other schemes cited above, namely SuRPA without the density prediction, ETSI-TRC, ETSI-TPC and ETSI-DCC, to compare against. We picked a road map composed of 1.2 km roads crossing in the middle. Each road has 3 lanes in each direction and is populated with different vehicle types (cars, trucks, busses, etc.). We performed several runs of 1800 seconds to obtain more accurate results.
B. Short-term prediction evaluation
The first metric we chose in order to showcase the efficiency of our prediction scheme is the deviation (Figure 4 ) of the observed/predicted density from the real density around each individual vehicle. Each vehicle in the simulation observes (and predicts in our scheme) the density of vehicles around itself. This density is compared with the effective density around the given vehicle, to show the amount of deflection from the effective density, as a deviation of 0% is the best case scenario and the higher the deviation the worse are the results. This deviation is calculated using the following formula:
Where the observed density is the density observed (predicted in our scheme) by each individual vehicle, and the real density is the effective density retrieved from our simulation. The results shown in figure 4 are obtained using the mean value of vehicles' densities among all vehicles, and retrieved for different vehicular densities in the simulation (the total number of vehicles in the simulation). This first set of results show a clear advantage for our prediction scheme compared to the other schemes with a deviation of 6% at a density of 25 vehicles/km against 15% for SuRPA and up to 40% for ETSI-TPC. The same pattern is observed as the density of vehicles increases in the simulation, the gap gets bigger as we recorded 10% deviation for our scheme at a density of 100 vehicles/km against 40% for SuRPA and up to 98% for ETSI-TPC. Figure 5 shows the benefit we obtained using our scheme in terms of observed (predicted in our case) density from a single vehicle's perspective. We retrieved this observed (predicted) density from vehicles moving towards the intersection and crossing it. Here again, our density prediction scheme performs much better than the four other schemes, as it is the closest to the real density, especially in the area closer to the intersection where the variation of the density is faster and more important.
This metric is also, like the first one, meant to show the accuracy of our short-term vehicular density prediction scheme in both a macroscopic point of view in the first as well as a microscopic one in the second. The results show a substantial improvement in terms of preciseness of the solution with regard to the effective case compared to the other schemes. It is worth to call to mind the importance of an accurate vision of the network. An outdated or biased density observed by vehicles would result in an erroneous adaptation of the transmission parameters, which will in turn cause poor network performance like high packet losses and misuse or underutilisation of the available bandwidth. This will lead us to our next set of results. Figure 6 reveals the impact of vehicle density on the collision rate and the busy ratio in our scheme as well as in all other four schemes. Figure 6 (a) shows how our short-term prediction scheme keeps the collision rate below the threshold of 10% in all densities while SuRPA fluctuates around this threshold reaching up to 13% in higher densities, and the ETSI schemes reach limits that are not tolerated for VANETs and safety applications in particular. Similarly, Figure 6(b) shows the variation of the busy ratio with the increase of density. We can see that the prediction scheme allows a non-negligible improvement in terms of channel usage as it fluctuates around 30% surpassing SuRPA and the other ETSI schemes. We notice that ETSI-TPC achieves a slightly higher busy ratio with densities higher than 80 vehicles/km, but this can be discarded since this same scheme has a collision rate higher than 45% at this density level.
Finally, Figure 7 shows the variation of the collision rate and the busy ratio when two clusters of vehicles meet. In Figure  7 (a), we observe a considerable increase in the collision rate of all schemes, then slowly returning to the normal rates after a few seconds. While this increase remains very small for the short-term prediction scheme, it fluctuates to high values: 20% for SuRPA and up to 40% in some of the ETSI schemes. Also, our scheme gets back to its normal rate after approximately 1 second while the four other schemes take a few seconds longer to achieve that. Figure 7 (b) on the other hand shows the variation of the busy ratio and demonstrates the stability of our new scheme compared to the other schemes as it shows the least variation among all five, while remaining close to the 30% threshold.
The two previous set of results (Figures 6 and 7 ) highlight the benefit we obtained after applying our short-term density prediction scheme in terms of network performance. It is needless to say how critical it is to achieve good overall network performance, due to the critical nature of applications that are meant to ensure the safety of drivers on the road. However, we would like to stress on the importance of such good performances in specific times and a microscopic perspective. In fact, an aggressive reaction to the changes in the network is crucial in VANETs, but this will never be complete without a proper density prediction mechanism to ensure more accurate data about the network state. And this is what we have showcased in this section first, by demonstrating the preciseness of our short-term vehicular density prediction; then by displaying the repercussion of this latter on the performance of the network.
V. CONCLUSION AND FUTURE WORK
In this paper, we presented a short-term vehicular density prediction scheme that aims at providing more accurate and up-to-date information about the network state. This prediction then helps to perform an improved adaptation to the transmission parameters in order to achieve better overall network performance. Simulations were conducted using a realistic simulation environment in terms of both channel conditions and vehicle mobility. The obtained results have proven the efficiency and the effectiveness of our scheme that enabled a significant enhancement in terms of channel busy ratio and successful packet delivery. This work helps the vehicular networks research community to gain deeper understanding as to why a density prediction is needed in such a network, and will open new research prospects by bringing up new challenges to VANETs research field.
